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A B S T R A C T
Objective: Cognitive theories suggest people with depression interpret self-referential social information nega-
tively. However, it is unclear whether these biases precede or follow depression. We investigated whether facial
expression recognition was associated with depressive symptoms cross-sectionally and longitudinally.
Methods: Prospective cohort study of people who had visited UK primary care in the past year reporting de-
pressive symptoms (n = 509). Depressive symptoms were measured using the Patient Health Questionnaire
(PHQ-9) at four time-points, 2 weeks apart. A computerised task assessed happy and sad facial expression re-
cognition at three time-points (n= 505 at time 1). The unbiased hit rate measured ability to recognise emotions
accounting for any general tendency to identify the emotion when it was not present.
Results: The sample included the full range of depressive symptom severity, with 45% meeting diagnostic cri-
teria for depression. There was no evidence that happy or sad unbiased hit rates were associated with concurrent
or subsequent depressive symptoms. There was weak evidence that, for every additional face incorrectly clas-
siﬁed as happy, concurrent PHQ-9 scores reduced by 0.05 of a point (95% CI = -0.10 to 0.002, p = 0.06 after
adjustment for confounders). This association was strongest for more ambiguous facial expressions (interaction
term p<0.001).
Limitations: This was an observational study with relatively short follow-up (6 weeks) and small changes in
depressive symptoms and emotion recognition. Only 7% of invited patients consented to participate.
Conclusions: Reduced misclassiﬁcations of ambiguous faces as happy could be a state marker of depression, but
was not associated with subsequent depressive symptoms. Future research should focus on the interpretation of
ambiguous social information.
1. Introduction
Beck proposed that negative self-evaluations, beliefs, and memories
play a key role in depression (Beck, 1967). Since then, evidence has
supported increased negative social and emotional processing in de-
pression (Beck, 2008; Elliott et al., 2011; Roiser et al., 2012). In recent
theories of depression, negative processing biases are proposed to play a
causal role in the development of depressive symptoms (Disner et al.,
2011; Roiser et al., 2012).
Studies of information processing and depression traditionally used
self-report questionnaires in which participants recorded hypothetical
responses to events (Elliott et al., 2011). This restricts investigation to
conscious thoughts and behaviours which may be susceptible to mood-
congruent response biases (Colman et al., 2016). There has been an
increasing focus on behavioural tasks that assess automatic cognitive
processes, which may inﬂuence thoughts and behaviours without con-
scious awareness (Kahneman, 2011; Roiser et al., 2012).
One automatic process which may be important in depression is the
interpretation of emotional facial expressions. Facial expressions re-
present what other people think of you, providing potentially ambig-
uous self-referential cues used to make inferences and decisions. For
example, seeing a happy face may facilitate approach and
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reinforcement of one's behaviour. Negative self-schema may inﬂuence
the interpretation of facial expressions for example by making an am-
biguous expression more likely to be negatively interpreted (Beck,
1979).
Some studies have found that people with depression are more
likely to interpret neutral or ambiguous faces as sad (Bouhuys et al.,
1999; Gollan et al., 2010; Gur et al., 1992; Hale, 1998; Lee et al., 2016;
Leppänen et al., 2004) or more accurately identify sadness
(Milders et al., 2010). One meta-analysis found that people with de-
pression were worse at recognising all facial emotions except for sad-
ness. However, the eﬀect size was small and there was evidence of
publication bias (Dalili et al., 2015).
In contrast, other studies have found that people with depression
identify happy faces less accurately (Gur et al., 1992; Surguladze et al.,
2004; Zwick and Wolkenstein, 2017), or are less likely to interpret
neutral faces as happy than healthy controls (Gollan et al., 2010), with
no diﬀerences for sad faces. Another ﬁnding is that healthy people have
a positive processing bias, which may increase resilience, and is re-
duced in depression (Alloy and Abramson, 1979; Moore and Fresco,
2012). This is in line with the decreased positive emotionality model of
depression, which states that a reduction in positive aﬀect is speciﬁc to
depression (Tellegen, 1985; Watson et al. 1988).
These inconsistent ﬁndings may arise from methodological limita-
tions of prior studies. Most studies have used small samples, limiting
statistical power (Button et al., 2013a), and case-control designs which
are prone to selection biases unless cases and controls are selected from
the same population (Schulz and Grimes, 2002). It is generally accepted
that depression is a continuum, ranging from no symptoms to many
(Hankin et al., 2005). However, there are very few studies which have
examined biases in emotion recognition across the whole continuum of
depressive symptom severity (Kohler et al., 2011; Lee et al., 2016).
Additionally, most previous studies have been cross-sectional,
meaning there is little evidence on the direction of the association be-
tween emotion recognition and depression. According to the cognitive
neuropsychological model of depression, changes in automatic emo-
tional processing precede and have a causal role in depressive illness
(Disner et al., 2011; Harmer et al., 2009; Roiser et al., 2012). One study
found that greater recognition of happy faces during early anti-
depressant use (before symptomatic change) was associated with im-
proved depressive symptoms six weeks later (Tranter et al., 2009).
Additionally, increased incorrect classiﬁcation of neutral faces as happy
has been associated with depressive symptom remission
(Leppänen et al., 2004). In a large study, slow identiﬁcation of happi-
ness was associated with the onset of depression during the following 8
years (Vrijen et al., 2016). In contrast, greater recognition of sadness
has been associated with persistence of depression six months later
(Bouhuys et al., 1999; Hale, 1998) and lower negative perceptual bias
was associated with decreased depressive symptoms three months later
(Münkler et al., 2015).
Other studies have found unchanged facial emotion recognition
despite reduced depressive symptoms. In one small study, responses to
sad facial expressions remained stable despite reductions in depressive
symptom severity six months later (Milders et al., 2010). Over a longer
period (2.5 years), negative biases in facial expression recognition were
present regardless of recurrence-status for individuals with major de-
pressive disorder (Ruhe et al., 2019). The inconsistent longitudinal
evidence may be a result of small samples, with limited variation in
depressive symptoms and low power.
Other methodological diﬀerences in facial expression recognition
tasks may also cause conﬂicting ﬁndings. Some tasks involve diﬀerent
intensities of emotional expressions. Others present only prototypical
emotional expressions which are easier to identify and may result in
ceiling eﬀects. A variety of measures can be taken from these tasks
including hits, false alarms, reaction times and measures of accuracy or
sensitivity. Responses can be analysed by emotion, averaged across
positive and negative emotions, or used to create an index of positive or
negative bias. Diﬀerent approaches may give diﬀerent results, and there
is a tendency to interpret diverse ﬁndings as supporting the presence of
emotional biases, without giving due weight to results which do not
support their existence. It is therefore unsurprising that the literature is
inconsistent, with few studies reproducing prior results.
In this study, we aimed to address these issues by using data from a
large (n = 509) prospective cohort of people who had presented to UK
primary care surgeries with depressive symptoms. Depressive symp-
toms ranged from mild to severe and participants were recruited from
the same population, reducing selection bias. We tested concurrent and
longitudinal associations between depressive symptoms and recogni-
tion of happy and sad facial expressions of varying emotional in-
tensities.
2. Methods
2.1. Participants
Participants were recruited from General Practice (GP) surgeries in
three United Kingdom sites (Bristol, Liverpool, York). GPs searched
computerised records for those who had reported depressive symptoms
during the last year (details in Supplementary Methods 1). Patients
were aged 18–70 years but there were no restrictions on whether they
were receiving antidepressants or psychological therapy. We excluded
people who were diagnosed with bipolar disorder, psychosis or an
eating disorder; had alcohol or substance use problems; were unable to
complete study questionnaires; or were over 29 weeks pregnant (as
these women would not have been able to complete the study).
Eligible patients (N= 7721) were sent information and 1470 (19%)
replied. Of these, 821 (55%) were willing to be contacted, 23 (3%) of
whom were ineligible. The remaining 798 were contacted to arrange
interviews, and 563 (7%) consented. Data were collected at four time-
points, each two weeks apart, at the participant's home or GP surgery.
Assessments were completed by trained research assistants and clinical
research nurses. At time one, 558 patients provided data (ﬁve could not
be contacted), and at follow-ups two (two weeks), three (four weeks),
and four (six weeks); 476 (85%), 443 (79%) and 430 (77%) respec-
tively. Participants were not compensated for their participation in this
study.
2.2. Ethics approval
Ethics approval was obtained from NRES Committee South West -
Central Bristol and participants provided written informed consent after
receiving a complete description of the study. The authors assert that all
procedures contributing to this work comply with the ethical standards
of the relevant national and institutional committees on human ex-
perimentation and with the Helsinki Declaration of 1975, as revised in
2008.
2.3. Measures
The primary aim of the original study was to estimate a clinically
important diﬀerence on commonly used self-administered ques-
tionnaires for depressive symptoms (unpublished). This was a sec-
ondary analysis.
2.3.1. Depressive symptoms
The Patient Health Questionnaire (PHQ-9; Spitzer et al., 1999) was
completed at each time-point. It is a nine-item self-report measure of
depressive symptoms, with higher scores indicating greater severity.
Internal consistency was high at each time-point (Cronbach's alpha
0.89–0.92). The Beck Depression Inventory (BDI-II; Beck et al., 1961)
was also used at each time-point and is a 21‐item self‐report measure of
the severity of depressive symptoms. The PHQ-9 was our primary
measure of depressive symptoms as it may be more responsive to
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change in symptom severity (Kounali et al., 2016). However, as two
measures of depressive symptoms were available, we repeated all
analyses using depressive symptoms measured on the BDI-II.
At baseline, the self-administered computerised Clinical Interview
Schedule Revised (CIS-R; Lewis et al., 1992) was used to assess whether
participants met diagnostic criteria for depression according to the In-
ternational Classiﬁcation of Diseases (ICD‐10). Diagnostic criteria was
based on severity of depressive symptoms in the past week, with a cut-
oﬀ score of 12. All ﬁeldwork staﬀ attended a training day organised by
the lead study site (Bristol) and were trained in the use of the CIS-R.
2.3.2. Recognition of facial expressions of emotion
Participants performed a computerised task at times one, two, and
three that required them to identify facial expressions in a six-alter-
native forced choice task (Attwood et al., 2017). They were asked to
identify whether the emotional facial expression presented was happi-
ness, sadness, fear, anger, disgust, or surprise. Facial stimuli were
prototypes created by averaging across 12 adult male faces posing the
same emotional expressions (details in Supplementary Methods 2).
Fifteen intensities of each emotion were presented, created by
morphing faces incrementally from an emotionally ambiguous proto-
type (0% emotion) to each emotional prototype (100% emotion) over
15 steps. As the intensity of expressions increased linearly from am-
biguous to the full prototype, emotions became clearer and easier to
identify.
In each trial, a cross appeared in the centre of the screen for 1500 to
2500ms, followed by the face stimulus for 150ms, and then a mask of
visual noise for 250ms (to prevent processing of after images). Six
emotion labels then appeared on the screen in a circular formation until
the participant responded by selecting one of them, at which point the
next trial started. Label positions were randomly chosen for each par-
ticipant and stayed the same throughout the session. Each emotion was
presented once at each intensity in one block of 90 trials. The task took
approximately six to eight minutes to complete and was delivered using
E-Prime 2.0 software (Psychology Software Tools, Pittsburgh, PA) on a
laptop computer. Responses were made using a computer mouse.
We focussed on happy and sad facial expression recognition because
we had clear hypotheses for the role of these emotions in depression. As
in previous use of this task, trials displaying anger, fear, surprise and
disgust were included in the design in order to make the discrimination
task suﬃciently challenging (Griﬃths et al., 2015). We only tested re-
cognition of happy and sad facial expressions to reduce the number of
exploratory analyses and multiple comparisons in this study. For each
emotion, correct responses were ‘hits’ and incorrect responses were
‘misses’. Incorrect responses were also categorised as ‘false alarms’, the
misidentiﬁcation of an emotion when a diﬀerent expression was pre-
sented. For example, responding ‘happy’ to a surprised facial expression
was a happy false alarm.
2.3.3. Confounders
Demographic variables collected at baseline included sex, age,
ethnic group, marital status, education, and negative life events. We
created a binary education variable, split at the level which used to be
compulsory in the UK (0 = school education up to 16 years, 1 = com-
pleted secondary school or university education). Negative life events
were self-reported and categorised (0 = none, 1 = one or more). We
also adjusted for self-reported antidepressant use at each time-point.
2.4. Primary analyses
The main analyses were performed using an ‘unbiased hit rate’ for
each emotion. This balanced the ability to correctly identify an emotion
(hits) with incorrect identiﬁcations when the emotion was not present
(false alarms). By providing an overall measure of sensitivity that ac-
counted for response bias (Wagner, 1993), this demonstrated ability to
recognise emotions as opposed to a general tendency to identify the
emotion regardless of whether it was present. Higher values of the
unbiased hit rate indicated more accurate responses, or an increased
ratio of hits to misses and false alarms. The formula for the unbiased hit
rate took simultaneous account of whether a stimulus was correctly
identiﬁed when it was presented and whether a response was correct
when it was made (Wagner, 1993):
=
+ +
Unbiased hit rate hits
hits misses x hits false alarms( ) ( )
2
2.4.1. Concurrent associations between emotion recognition and depressive
symptoms
Multilevel linear regression models were used to calculate con-
current associations between emotion recognition (continuous ex-
posure) and depressive symptoms (continuous outcome) across time-
points one to three (when both facial recognition and depressive
symptom data were available). Measures of emotion recognition (happy
and sad unbiased hit rate) were included as exposures in separate re-
gression models. As false alarm rates were not independent exposures,
we could not enter measures of happy and sad facial recognition in the
same model. An increase in happy false alarms, for example, could have
led to a decrease in sad false alarms (Attwood et al., 2017).
2.4.2. Longitudinal associations between emotion recognition and
depressive symptoms
Longitudinal associations between facial expression recognition
(continuous exposure) and depressive symptoms (continuous outcome)
were examined using multilevel linear models across time-points. We
included emotion recognition at times one to three and depressive
symptoms at times two to four. This model tested whether emotion
recognition was associated with subsequent depressive symptoms
whilst adjusting for depressive symptoms at baseline. This allowed us to
include data from all time-points. Separate analyses were performed for
happy and sad unbiased hit rates.
All multilevel models had a random eﬀect for participant to allow
for the clustering of responses within individuals over time-points and
are presented before and after adjustment for confounders. Analyses
were performed using Stata 14.
2.5. Secondary analyses
We repeated analyses using hits and false alarms as measures of
emotion recognition, allowing examination of associations between
depressive symptoms, accuracy and response bias separately. Hits and
false alarms were included as exposure variables in the same model for
each emotion, as done previously (Button et al., 2013b). This accounted
for the general tendency to identify an emotion regardless of whether it
was present (response bias; Wagner, 1993).
2.6. Exploratory analyses
We then performed unplanned post-hoc analyses where there was
evidence of an association between emotion recognition and depressive
symptoms, examining whether facial expression intensity inﬂuenced
these associations. Depressive symptom severity was an exposure and
the binary outcome was whether or not a false alarm occurred on each
trial. This model included a level specifying the facial expression in-
tensity on each trial. Multilevel logistic regression modelled concurrent
associations between happy false alarms (binary outcome) and de-
pressive symptoms and emotion intensity (continuous exposures). As
the association between intensity and happy false alarms was not linear,
a quadratic term was included in this model. We tested whether there
was an interaction between emotion intensity and depressive symptoms
for the probability of happy false alarms.
We also analysed associations between antidepressant use and
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emotion recognition (Supplementary Materials).
3. Results
3.1. Descriptive statistics
We excluded participants (9% of total sample) who were missing
baseline demographic data, or data on emotion recognition or depres-
sive symptoms at all time-points. The ﬁnal sample comprised 509
participants (68% female) aged between 18 and 71 years (mean 48.08,
SD 12.71).
At baseline, 45% met diagnostic criteria for depression according to
the ICD-10. The sample included the full range of depressive symptom
severity with PHQ-9 scores ranging from 0 to 27 (mean 10.38, SD 6.62;
Supplementary Figure 1) and BDI scores ranging from 0 to 58 (mean
20.32, SD 12.15; Supplementary Figure 2). Mean happy and sad hits
and false alarms are shown in Table 1, according to demographic and
clinical characteristics. Overall, participants made more happy than sad
hits (mean diﬀerence = 1.66, 95% CI = 1.38 to 1.93, p<0.001), ac-
curately identifying 12 of the 15 happy faces presented. Participants
made more sad than happy false alarms (mean diﬀerence = −1.26,
95% CI =−2.03 to−0.49, p = 0.001), misidentifying seven sad faces
versus six happy faces on average. Supplementary Table 1 shows de-
pressive symptoms, unbiased hit rate, hits, and false alarms over time.
3.2. Primary analyses: unbiased hit rate
We found no evidence for associations between the happy or sad
unbiased hit rate and concurrent depressive symptoms measured using
the PHQ-9 and BDI-II (Table 2). There was also no evidence that
emotion recognition was associated with depressive symptoms long-
itudinally. The happy and sad unbiased hit rates were not associated
with subsequent PHQ-9 or BDI-II scores (Table 3).
3.3. Secondary analyses: hits and false alarms
3.3.1. Concurrent associations
Concurrent associations between happy hits and depressive symp-
toms are shown in Table 4. The main analyses used the PHQ-9. There
was no evidence that happy hits, alone or adjusted for false alarms,
were associated with concurrent depressive symptoms. There was weak
evidence for an association between happy false alarms (incorrectly
classifying other emotions as happy) and depressive symptoms. For
every additional happy false alarm, PHQ-9 scores reduced by 0.06
points (95% CI = −0.11 to −0.004, p = 0.04). As shown in Fig. 1,
depressive symptoms decreased as the number of happy false alarms
increased. After adjustment for confounders, any evidence for an
Table 1
Number of happy and sad hits (from a total of 15) and happy and sad false alarms (from a possible total of 75) according to sample characteristics at baseline.
Participants Hits False alarms
n Happy
Mean (SD)
P Sad
Mean (SD)
p Happy
Mean (SD)
p Sad
Mean (SD)
p
Characteristic
Age
Under 50 254 (50%) 12.08 (2.07) 0.01 10.66 (2.41) <0.001 5.29 (5.91) 0.002 6.66 (5.68) 0.14
50+ 255 (50%) 11.58 (2.43) 8.90 (3.03) 6.96 (6.09) 7.37 (4.97)
Gender
Male 162 (32%) 11.73 (2.45) 0.50 9.76 (2.89) 0.92 7.32 (6.82) 0.002 6.53 (5.18) 0.17
Female 347 (68%) 11.87 (2.17) 9.79 (2.87) 5.57 (5.59) 7.24 (5.42)
Ethnicity
White 492 (97%) 11.85 (2.26) 0.14 9.79 (2.87) 0.05 6.15 (6.07) 0.93 7.01 (5.40) 0.88
Black 8 (2%) 10.75 (1.83) 7.50 (2.14) 5.63 (5.68) 8.00 (2.00)
Asian 3 (<1%) 13.33 (0.58) 13.00 (1.73) 4.67 (2.08) 5.00 (6.24)
Mixed 3 (<1%) 9.33 (2.31) 10.33 (3.06) 3.67 (3.06) 8.67 (4.51)
Other 3 (<1%) 11.67 (3.05) 11.00 (1.73) 7.33 (11.02) 5.67 (5.03)
Education
Lower 197 (39%) 11.56 (2.44) 0.04 9.08 (3.13) <0.001 6.89 (6.24) 0.03 7.03 (5.00) 0.96
Higher 312 (61%) 11.99 (2.14) 10.23 (2.61) 5.65 (5.90) 7.00 (5.56)
Negative life events
None 211 (42%) 11.96 (2.01) 0.53 9.69 (2.99) 0.32 6.48 (5.92) 0.28 7.29 (5.04) 0.41
One or more 287 (58%) 11.84 (2.30) 9.94 (2.70) 5.88 (6.15) 6.88 (5.61)
Depression diagnosis
No 276 (55%) 11.97 (2.06) 0.33 9.84 (2.72) 0.96 6.47 (6.19) 0.17 7.28 (5.47) 0.30
Yes 222 (45%) 11.78 (2.33) 9.83 (2.95) 5.71 (5.88) 6.77 (5.25)
Currently taking antidepressants
No 156 (31%) 11.65 (2.53) 0.18 9.61 (3.16) 0.35 5.97 (5.95) 0.67 7.36 (5.94) 0.34
Yes 348 (69%) 11.94 (2.11) 9.87 (2.73) 6.22 (6.11) 6.87 (5.07)
Note. Emotion recognition data was present for N = 505 (99% of total sample). Negative life event and depression diagnosis were both missing for 11 participants
(2%) and 5 participants were missing data on whether they were taking antidepressants at baseline (1%).
Table 2
Concurrent associations between unbiased hit rate for happy and sad facial
expressions (exposure variables) and depressive symptoms (outcome variable).
Concurrent model 1
(n = 446)
Concurrent model 2: adjusted for
confounders*
(n = 437)
Coef 95% CI p Coef 95% CI p
Change in PHQ-9 score for a one-unit increase in unbiased hit rate
Happy 1.37 −0.16 to
2.90
0.08 1.31 −0.25 to 2.86 0.10
Sad 0.23 −1.47 to
1.93
0.79 −0.50 −2.26 to 1.26 0.58
Change in BDI-II score for a one-unit increase in unbiased hit rate
Happy 0.78 −1.79 to
3.35
0.55 0.71 −1.89 to 3.31 0.59
Sad −0.95 −3.82 to
1.92
0.52 −1.55 −4.50 to 1.39 0.30
Note. The coeﬃcient is the unstandardized regression coeﬃcient, representing
the change in depressive symptoms for each unit (one point) increase in un-
biased hit rate. Concurrent associations use the exposures and outcome mea-
sured at times 1–3.
⁎ Confounders were age, sex, ethnic group, education, marital status, nega-
tive life events, and concurrent antidepressant use.
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association between happy false alarms and PHQ-9 scores remained
very weak (coef = −0.05, 95% CI = −0.10 to 0.002, p = 0.06).
There was no evidence that sad hits or sad false alarms were asso-
ciated with concurrent depressive symptoms (Table 4). As shown in
Fig. 1, depressive symptoms were similar across the range of sad false
alarms made by participants.
When these analyses were repeated using BDI-II score, no evidence
was found for any associations between happy and sad facial expression
recognition and depressive symptoms (Table 4). There was no evidence
for an association between happy false alarms and BDI-II score
(coef = −0.003, 95% CI = −0.09 to 0.09, p = 0.95 after adjustment
for confounders). We found no evidence of an interaction between
depression diagnoses and happy or sad facial expression recognition on
depressive symptoms (measured using either the PHQ-9 or BDI-II; all
p>0.10).
3.3.2. Longitudinal associations
There was no evidence of longitudinal associations between facial
expression recognition (hits and false alarms) and depressive symptoms
measured using the PHQ-9 and BDI-II (see Supplementary Table 2).
3.4. Exploratory analyses
3.4.1. Associations with emotion intensity
Analyses so far have investigated emotion recognition across all
intensities of facial expressions. In these exploratory analyses we ex-
amine whether the intensity of each facial expression is associated with
the probability of happy false alarms. When both intensity and PHQ-9
score were included as exposures, increased depressive symptoms were
associated with decreased odds of happy false alarms (OR = 0.98, 95%
CI = 0.96 to 0.99, p = 0.002 after adjustment for confounders). For
each 1-unit increase in emotion intensity, the odds of a happy false
alarm decreased by 29% (OR = 0.71, 95% CI = 0.69 to 0.73, p<0.001
after adjustment for confounders).
There was also evidence for an interaction between emotion in-
tensity and depressive symptoms on the probability of making a happy
false alarm (interaction term after adjustment for confounders
p<0.001). Emotion intensity was analysed continuously but Fig. 2
shows high versus low intensities to illustrate this interaction. At higher
emotion intensities (when facial expressions were clearer and identiﬁ-
cation relatively easy) the probability of making happy false alarms did
Table 3
Longitudinal associations between unbiased hit rate for happy and sad facial
expressions (exposure variables) and depressive symptoms (outcome variable).
Longitudinal model 1
(n = 446)
Longitudinal model 2: adjusted for
confounders*
(n = 437)
Coef 95% CI p Coef 95% CI p
Change in PHQ-9 score for a one-unit increase in unbiased hit rate
Happy 0.59 −0.90 to
2.08
0.44 0.33 −1.05 to 1.71 0.64
Sad −0.15 −1.79 to
1.50
0.86 −0.63 −2.18 to 0.92 0.43
Change in BDI-II score for a one-unit increase in unbiased hit rate
Happy 1.31 −1.20 to
3.81
0.31 0.67 −1.59 to 2.93 0.56
Sad 1.18 −1.60 to
3.96
0.41 1.07 −1.47 to 3.61 0.41
Note. The coeﬃcient is the unstandardized regression coeﬃcient, representing
the change in depressive symptoms for each unit (one point) increase in un-
biased hit rate. Longitudinal period-lagged associations use unbiased hit rate for
happy and sad facial expressions at times 1–3 (exposure variables) and de-
pressive symptoms at times 2–4 (outcome variable).
⁎ Confounders were baseline depressive symptoms, age, sex, ethnic group,
education, marital status, negative life events, and concurrent antidepressant
use.
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not diﬀer according to depressive symptoms. However, at lower emo-
tion intensities (when facial expressions were more ambiguous and
identiﬁcation harder) the probability of making a happy false alarm
decreased as depressive symptoms increased. This pattern held over
both measures of depressive symptoms as, despite the lack of evidence
for associations between BDI-II score and happy false alarms, there was
evidence for an interaction between emotion intensity and BDI-II score
on the probability of making a happy false alarm (interaction term after
adjustment for confounders p<0.001).
3.4.2. Associations with antidepressant use
Antidepressant use was relatively stable over time (between 69%
and 71% of participants reported taking antidepressants across time-
points) and self-reported adherence was high (87%−90% took them
every day). Participants taking antidepressants had more severe de-
pressive symptoms (mean diﬀerence = 2.50, 95% CI = 1.82 to 3.18,
p<0.001). There was no evidence for associations between anti-
depressant use and happy or sad face recognition (Supplementary
Table 3).
4. Discussion
There was no evidence that the happy or sad unbiased hit rate (a
measure of participants’ ability to recognise emotions versus the gen-
eral tendency to identify the emotion regardless of whether it was
present) was associated with concurrent depressive symptoms. After
breaking the unbiased hit rate down into its constituent parts, there was
no evidence of an association between happy hits, sad hits, or sad false
alarms and depressive symptoms. We found weak evidence of an as-
sociation between happy false alarms and depressive symptoms.
Overall, as happy false alarms increased, depressive symptoms
measured using the PHQ-9 decreased. However, this ﬁnding was not
replicated with the BDI-II. This may be due to the small size of the
eﬀects, especially as the PHQ-9 coeﬃcient lies within the conﬁdence
interval for the BDI-II coeﬃcient. Other explanations could be that this
is a chance ﬁnding, particularly when taken in light of the lack of
evidence for other associations between facial expression recognition
and depressive symptoms. Alternatively, the PHQ-9 and BDI-II may
measure diﬀerent aspects of depression which are related to diﬀerent
biases in emotional processing.
In exploratory analyses, there was evidence that both the PHQ-9
and BDI-II measures of depressive symptoms were associated with
fewer happy false alarms at lower emotion intensities, when faces were
ambiguous. Although the conclusion is speculative, based on ex-
ploratory analyses, it is plausible as one would expect any cognitive
biases to act more powerfully with ambiguous stimuli. Therefore,
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reduced positive biases in interpreting ambiguous social information
could be more important for concurrent depressive symptoms than in-
creased negative biases.
The size of the eﬀects in our study should be considered. For every
additional face incorrectly classiﬁed as happy, concurrent PHQ-9 scores
reduced by 0.05 of a point. To see a reduction of one point on the PHQ-
9, it would require an additional 20 happy false alarms. On average,
participants made 6 happy false alarms. However, the evidence for an
interaction between facial expression intensity and depressive symp-
toms suggests that the eﬀect would be larger for more ambiguous faces.
Longitudinally, there was no evidence for associations between re-
cognition of happy or sad faces and subsequent depressive symptoms,
suggesting that changes in facial expression recognition may not pre-
cede changes in depressive symptoms. Emotion recognition biases may
not play a causal role in depression. However, this was an observational
study, where changes in depressive symptoms and emotion recognition
were modest and follow-up was relatively short.
4.1. Strengths and limitations
To our knowledge, this is the largest study investigating the asso-
ciation between emotion recognition and depression. The sample size
should increase the reproducibility of our results. However, one meta-
analysis indicated that a case-control study would require approxi-
mately 1230 participants to detect diﬀerences in emotion recognition
(Dalili et al., 2015). Our sample may not have been adequately powered
to show such small eﬀects, although using severity of depressive
symptoms continuously in analyses should have increased the power.
We sampled the full range of depressive symptom severity, and a
relatively large proportion of the sample had low PHQ-9 scores (55%
did not meet the diagnostic criteria for depression). Recruiting our
sample from one population reduced the risk of selection bias relative
to case-control studies that select cases and controls from diﬀerent
populations. We found no evidence that associations between happy
and sad face recognition and depressive symptoms diﬀered according to
whether people currently met diagnostic criteria for depression. Future
research should analyse depressive symptoms continuously as emotion
recognition processes may not diﬀer on this basis.
The prospective design and repeated measures meant our analyses
took account of changes over time. Using multilevel models allowed
data from all time-points to be included in the same model, increasing
statistical power and precision of our estimates (Diggle, 1998). How-
ever, each time-point was two weeks apart, so the longitudinal element
of the study consisted of a maximum of six weeks follow-up. Further
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prospective studies of facial expression recognition and subsequent
depressive symptoms should investigate whether these ﬁndings are
replicated over longer follow-up periods.
The use of diﬀerent intensities of facial expressions in our task make
it particularly sensitive. Short presentations of ambiguous emotional
faces mimicked the ﬂeeting unclear expressions often observed in real
life. Our ﬁndings suggest that the inclusion and analysis of ambiguous
facial expressions in this task may be especially relevant in depression.
Additionally, using a mask of visual noise ensured automatic processing
of facial expressions which may involve diﬀerent mechanisms to slower
more eﬀortful processing (Kahneman, 2011).
Our study has several limitations. The sample excluded people with
depression who had not visited their GP, which might introduce se-
lection biases and would have aﬀected generalisability. We also had a
low response rate making the sample unrepresentative of everyone with
depressive symptoms presenting to GPs in the UK. However, the in-
clusion of participants did not depend on emotion recognition, so is
unlikely to have biased any associations between emotion recognition
and depressive symptoms. Additionally, we did not control for symp-
toms of anxiety in our analyses, despite the high comorbidity between
anxiety and depression.
Although six emotions were included to make the task suﬃciently
diﬃcult, it meant that participants saw more negative than positive
facial expressions overall, which could have aﬀected associations with
depressive symptoms. We only assessed recognition of two of the six
emotions presented in the facial expression recognition task. However,
we had clear hypotheses for the presence of biases in happy and sad
face recognition as these have most commonly been linked to depres-
sion (Bourke et al., 2010; Dalili et al., 2015; Surguladze et al., 2004).
Additionally, examining two emotions lowered the probability of type I
errors by reducing multiple comparisons (Curran-Everett, 2000).
A further limitation of this study was the necessity of multiple
comparisons. Our primary analyses used the unbiased hit rate as the
primary outcome. As planned, we then studied hits and false alarms
separately in secondary analyses. The ﬁnal stage of our analysis was
exploratory and examined facial expression intensity. We did not take
account of the multiple comparisons using a Bonferroni correction be-
cause they are often too conservative, increasing the risk of type 2 er-
rors, particularly in exploratory analyses (Perneger, 1998; Rothman,
1990; Streiner & Norman, 2011). However, it is important to be cau-
tious about drawing deﬁnitive conclusions given the number of com-
parisons we conducted and the increased probability of a chance
ﬁnding, alongside the lack of evidence for our primary analysis.
We found no evidence for associations between antidepressant use
and processing of happy or sad faces. This was an observational study,
in which most participants had been using antidepressants over varying
time periods. Even though our ﬁndings do not support the hypothesis
that biases in emotion recognition play a role in antidepressant function
(Harmer et al., 2009; Roiser et al., 2012), experimental studies provide
much stronger evidence for associations between antidepressant use
and facial emotion recognition.
4.2. Existing literature
Facial expression recognition tasks have been used in various forms
with healthy individuals and people with depression or anxiety. Task
performance varies across studies, likely due to diﬀerent presentation
timings, emotion intensities, and the outcomes tested. Compared to
healthy individuals, participants in this study performed similarly in
terms of hits but made more false alarms (cf. Bamford et al., 2015;
Button et al., 2013b; Harmer et al., 2003a; Harmer et al., 2003b;
Tranter et al., 2009). It is surprising that happy false alarms were more
common in this sample than in studies with healthy individuals, given
the negative association found between happy false alarms and de-
pressive symptoms. Individuals in this study may have been worse at
performing the task overall. They were, on average, approximately 25
years older than people in previous studies (Bamford et al., 2015;
Button et al., 2013b). Minimal false alarm data is available from pre-
vious studies (as noted in a meta-analysis by Dalili et al., 2015), making
it hard to compare our ﬁndings to other studies of participants with
depressive symptoms.
Our lack of evidence for increased negative processing of facial
expressions in depression is inconsistent with many smaller studies
(Dalili et al., 2015; Gollan et al., 2010; Lee et al., 2016; Leppänen et al.,
2004). Previous results may be due to selection bias or type 1 errors.
The risk of type 1 errors is high when small samples are used
(Button et al., 2013a), particularly with facial recognition tasks that are
often analysed in several ways. These tasks are subject to errors in in-
terpretation and vulnerable to multiple testing, with the tendency to
select results which support the presence of cognitive biases in de-
pression. There is also evidence of publication bias in previous research
(Dalili et al., 2015). Additionally, not all studies have included or ex-
plicitly examined ambiguous faces, which may be particularly im-
portant in depression.
Our ﬁndings suggest that reduced misclassiﬁcations of ambiguous
faces as happy could be a state marker of depression. Positive biases in
interpreting ambiguous social information could therefore be more
important for depressive symptoms than negative biases. This supports
some previous evidence on cognitive biases in depression. One study
found that people with depression were less likely to interpret neutral
faces as happy than healthy controls, with no diﬀerences for sad faces
(Gollan et al., 2010). In a longitudinal study, patients in remission
showed an increased number of incorrect classiﬁcations of neutral faces
as happy, indicating an increased positive bias with reduced depressive
symptom severity (Leppänen et al., 2004). Additionally, our previous
study of this sample assessed recall of positive and negative personality
characteristics (Lewis et al., 2017). As recall of positive words in-
creased, severity of depressive symptoms decreased but recall of ne-
gative words was not associated with depressive symptoms. In both
studies, we have used a large sample and analysed depressive symptoms
continuously to suggest that depression may be characterised by re-
duced positive rather than increased negative processing.
4.3. Implications
In line with Beck's model, reduced positive interpretations of social
information relevant to the self could aﬀect people's evaluations of
social situations, reduce positive aﬀect, and encourage social with-
drawal (Beck, 2008). Our ﬁndings also ﬁt with the idea that individuals
with depression have reductions speciﬁcally in positive aﬀect, as de-
scribed in the decreased positive emotionality model of depression
(Tellegen, 1985; Watson et al. 1988). With depression the leading cause
of disability worldwide (World Health Organisation, 2017), under-
standing the mechanisms underlying depressive symptoms is important.
We would speculate that the interpretation of ambiguous social
information, in this case ambiguous facial expressions, could be most
relevant. Future research in this area should focus on the interpretation
of ambiguous information. This is particularly important for tasks such
as facial expression recognition, in which ceiling eﬀects may occur
when full intensities of emotion are presented. Neuroimaging research
has attempted to elucidate the mechanisms underlying depression, but
with inconsistent ﬁndings (Groenewold et al., 2013). The reduction in
happy false alarms for ambiguous facial expressions could represent a
target for imaging studies, allowing more detailed investigation of the
cognitive mechanisms associated with depression.
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